Abstract-We build a distance education application of a Chinese handwriting education system that allows students to do practice at anytime and anywhere. As an intelligent tutor, the system can automatically check the handwriting errors, such as the stroke production errors, stroke sequence error and stroke relationship error. Then our system should provide useful feedback to the student. In this paper, attributed relational graph matching is used to locate the handwriting errors. The pruning strategy is applied to reduce the computational time. The experiment results show that our proposal can handle more handwriting error cases than existing methods with a higher accuracy.
I. INTRODUCTION
In a traditional Chinese handwriting class, the teacher should first writes a Chinese character on the blackboard, and then students rewrite the character on their exercise book by following the teacher's handwriting. After the class, teacher has to check for handwriting errors in students' handwriting. Finally, the students can get the feedback of their exercise in the next class. There are mainly three drawbacks of the traditional handwriting education. 1) Time-consumption. Students cannot get an immediate feedback about their handwriting exercise in class, because teacher needs a lot of time to check for the handwriting errors; 2) Faultiness. From the exercise book, teacher cannot check the correctness of the stroke order and certain kinds of handwriting errors. However, Law et al. [1] found that students often make many handwriting mistakes including stroke sequence error and stroke production error. Meanwhile, stroke relationship error is reported in [2] ; 3) Teacher-oriented. Without a teacher, students can hardly learn the handwriting by themselves. Moreover, the workload for the teacher is high. This motivates us to build a Chinese handwriting education system to assist teacher in automatically checking the handwriting error, then students can get the feedback immediately whenever and wherever he/she wants to do practice.
Similar to handwriting recognition, the problem in handwriting education involves extracting the features of the character at first. After feature extraction, the handwriting education requires different analysis methods from handwriting recognition. Handwriting recognition is focused on classifying the input character into one of the candidate character with the highest similarity [3] [4] [5] . On the other hand, handwriting education requires a detailed matching between the input and template characters in order to locate the exact differences. It is a difficult problem to locate the exact handwriting errors due to the complex structure of Chinese characters, widely variable writing styles as well as numerous combinations of possible errors.
Some related works have been done on e-learning system [6] [7] which aims to assist students to get more useful advice in their distance education. They had developed an intelligence tutoring education system to provide a ubiquitous learning environment to the students. With the development of pen-based devices, it is now possible to apply e-learning techniques to handwriting education. Several Chinese handwriting education systems have been provided to assist students to learn the writing of Chinese characters. Some researchers focus on the view-only handwriting system so students cannot do practice through the system [8] [9] . Other researchers allow students to do practice and then the system can detect the handwriting errors. Some of these approaches only work on checking the stroke sequence error [10] . Others can locate the stroke production error [11] [12] [13] . Meanwhile, the method in [14] can find out the stroke relationship error. The work proposed in [17] can find both the stroke production error and stroke sequence error but without considering the spatial relationship errors.
In our handwriting education system, template characters can be shown in a stroke by stroke mode. Then the students can follow it to rewrite the character. After that, with the automatic error detection tool the system can check the handwriting errors in students' handwriting and provide useful feedback to student. In this paper, the attributed relational graph (ARG) matching [18] [19] [20] is applied to locate the stroke production errors and stroke sequence error. Then post processing is used to find out the spatial relationship errors between strokes. Finally, the students can get some useful feedback about where the handwriting errors are and how to correct them.
The remainder of the paper is organized as follows: In Section , our proposed system is described. Then, section shows our automatic error detection tool. The experiments and results are discussed in Section . Finally, Section is devoted to the conclusions and future work.
II. OUR PROPOSED SYSTEM
The flow of our handwriting education system is illustrated in Fig. 1 . First, the sample handwriting which the student has inputted and the template character which the student has to follow are both represent as ARGs. Second, the error-tolerant graph matching is applied on the two ARGs to detect the stroke sequence error and stroke production error. Then post processing is used to locate the stroke relationship error. As a result, feedback is provided to students to let them know where the handwriting error is and how to correct it.
We have implemented our handwriting education system with the World Wide Web technology. The system is available online through the webpage http://vache.cs.cityu.edu.hk/ccls/. It is designed for both teachers and students to use and it contains an automatic error detection module.
A. Teacher
Once the teacher writes a Chinese character the system will automatically store it as the template character (Fig.  2) . Those template characters are used to be followed by student while they do their handwriting exercise. Then, the teacher can choose any of the characters in the database to create a handwriting exercise for student. 
B. Student
The student can choose any of the handwriting exercise created by the teacher for practice. The template character will be displayed with the stroke by stroke animation. Then the student does the handwriting practice by following it. After that, the student can get an immediate feedback to show whether there are some handwriting errors. As a result, student can practice handwriting whenever and wherever he/she wants.
C. Automatic error detection
After student submits their sample character, the automatic error detection can immediately locate those errors in the sample character with the red mark and provide feedback to further explain the handwriting error (Fig.3) . The details of the automatic error detection will be described in the following section.
III. AUTOMATIC ERROR DETECTION
In our Chinese handwriting education system, the automatic error detection aims to locate the handwriting errors in student's handwriting and provide immediate feedback. The relationships r ac is denoted by (df ,mi), r ab is denoted by (df, dif), and r bc is denoted by (dm,>m). Note that the r ca is formed simply by taking the inverse of each component of the relationship used to represent r ac and is denoted by (dif, m).
B. Character Matching
As illustrated in Fig. 1 , each of the template character and sample character is represented as an ARG. The input (sample) ARG : 
A. Representation
ARG was first described in [18] to represent the structural information of a pattern. Let V be the set of nodes and E be the set of the edges. Then the graph can be represented as g = (V,E, , ), where
is the node labeling function,
is the edge labeling function, L V and L E are the sets of node and edge labels respectively.
The node operations have been defined by the authors in [9] : 1) node substitution implying that the input stroke is correct; 2) node merging implying that the input strokes are broken strokes; 3) node splitting implying that the input stroke is a concatenated stroke; 4) node deletion implying that the input stroke is an extra one; 5) node insertion implying that there is a missing stroke.
In our application, the set of nodes V is used to describe the strokes of the Chinese character and the set of edges E describes the relationships [14] between any two strokes as defined by our refined interval relationship in Fig.4 . The complete ARG representation for a Chinese character is given as follows.
On the other hand, we get the definition of the edge operations as follows: 6) edge substitution implying that both nodes sharing this edge are correct; 7) edge deletion implying that one of the nodes sharing this edge is an extra or broken stroke, or both nodes sharing the same edge are extra or broken stroke; 8) edge insertion implying that one of the node who sharing this edge is a missing or concatenated stroke, or both nodes sharing the same edge are missing or concatenated stroke. It can be seen that these edit operations can identify the stroke production errors in the input handwriting.
Nodes in the ARG: Each node stores the x and y coordinates of a stroke, i.e., the attributes of the node a is , where . The node labeling function
returns the n data points for each stroke. returns ( , ) where is the refined interval relationship (Fig.4) along the x-axis and is the refined interval relationship along the y-axis [16] .
Edge substitution: The cost for the edge substitution is the matching cost between an edge in the sample character and an edge in the template character. We use Rt to denote the set of edges in the template and Rs to the sample. As an example, a Chinese character and the spatial relationships between strokes are shown in Fig.5(a) . The ARG representation of this Chinese character is shown in Fig.5(b) Two interval relationships are neighbors, if they can be transformed into one another by continuous deformation (shortening, lengthening, and moving) [21] . We construct a new interval neighborhood graph in Fig.6 which considers our proposed refined relationship with three levels (f, m, l) in each relationship defined in Fig.4 . Note that the three levels with the same interval relationship are close to each other in the refined interval neighborhood graph since they can be transformed from one to another by shortening or lengthening the distance between the two strokes.
The distance between two interval relationships t i ,and s j or the distance between t i and s j is defined as the topological distance between the two relationships, i.e., the length of the shortest path from t i to s j or from t i or s j in the interval neighborhood graph. The final spatial relationship distance D(Rt i , Rs j ) can be defined as follows:
Edge deletion: It is used together with the node deletion operation. If some extra nodes need to be removed by using the node deletion, then the corresponding edge should also be removed by the edge deletion. Edge insertion: It is similar to the edge deletion, but it is used together with the node insertion operation. If some missing nodes need to be added by using the node insertion, then the corresponding edge should also be added by the edge insertion. The graph edit distance defines the overall cost for transforming from the ARG to ARG using the function f is defined as follows:
edge node (2) where C node is the node edit distance and C edge is the edge edit distance. 
C
An example of the optimal matching between two ARGs with the edit operations is described in Fig.7 . Note that each edit operation has the corresponding meaning such that one can identify the exact handwriting errors by examining the edit operations.
There are many possible sequences of edit operations that can transform from to . It is impractical to perform exhaustive search in order to find the optimal matching that minimizes the overall graph edit distance. As a result, the A* algorithm which is a state-space search strategy is employed in order to identify the optimal ARG matching. At the search level n the evaluation function h(n) is:
where h 1 (n) is the actual matching cost from the initial search level to the current search level n , and h 2 (n) is the estimation of the matching cost from the search level n to the goal. For the A* algorithm, the inequality h 2 (n) h 2 * (n) should hold for any search level n, where h 2 * (n) is the actual matching cost from the current search level to the goal. 
C. Post Processing
After the ARG matching we can get a mapping from the sample ARG to the template ARG showing the stroke correspondence between the sample character and the template character. For the example in Fig. 7 , after applying the resulting edit operations, the stroke correspondence between the sample and the template is: 1-a; 2,3-b; 4-c (5 is extra stroke in sample). We can then obtain a new graph to represent the sample graph as shown in Fig. 7 . The edges in the graph can describe the spatial relations between the nodes (strokes). From the transformations, we can identify the distance between the corresponding spatial relations as illustrated in Fig. 8 .
In Fig.8 , there is a difference between the spatial relationships r bc and r 14 . In particular, the spatial relationship along the x-axis for r bc is dm and the spatial relationship along the x-axis for r 14 is dim. It can be found from Fig.6 that it takes at least 4 steps to get from the dm node to the dim node thus the spatial relationship distance between r bc and r 14 is 4. Since this is quite a large distance, we can conclude that the spatial relationship between strokes 1 and 4 is incorrect compared with the corresponding template strokes b and c. Then, there must be some kinds of relationship error between those two strokes.
D. Feedback
After the character matching we can find out the stroke correspondence between the template and sample characters. If the student has made any stroke sequence error, we can verify the stroke order by the stroke correspondence. In addition to stroke sequence error, stroke production error in Fig.9 (a) can also be located by character matching. Then post processing is used to detect the relationship errors in Fig.9(b) . Our handwriting education system can detect multiple stroke handwriting errors as shown in Fig.9(c) . Finally, useful feedback is revealed by circling the locations of the problematic strokes in red color, and the suggestion on how to correct the handwriting error is also provided.
IV. EXPERIMENTAL RESULTS
In our experiment, 44 Chinese characters shown in Fig.10(a) have been used. In this dataset, there are some simple characters which are used most frequently, and also, some character with more complex structure. We asked different people to write them, and then, we get totally 1247 various Chinese handwriting characters.
Different people may write the same character in different ways. The variation of the characters is illustrated in Fig.10(b) and Fig.10(c) . In Fig.10(b) , those variations are acceptable as there are no handwriting errors in it. However, in Fig.10(c) , the variation from the character in the first column to the last one is very large. Although they look similar on their appearance they are completely different characters. Our system aims to identify those variations and notify the student about those problems. Some of the people's handwritings contain errors and we manually check those error types to obtain the ground truth information. Our algorithm is then applied to identify handwriting errors. Afterwards we can compare the result returned by our proposed method with the ground truth information to evaluate the accuracy of our method.
We have compared our proposed method with four existing methods: Tsay and Tsai [5] , Tonouchi and Kawamura [6] , Tang and Leung [10] and Hu and Leung [7] . The methods in [5] and [6] are based on string matching which is sequence dependent. If the student input character has a different stroke sequence from the template, these methods may fail to find the matching. Tang and Leung [10] proposed a system that allows students to practice handwriting freely, and it can check both the stroke sequence error and stroke production errors simultaneously. However it relies heavily on some threshold values to determine the potential production errors. Hu and Leung [13] applied graph matching to find the stroke production errors, but without considering the sequence error and spatial relationship errors. On the other hand, our current proposed method is able to identify all three kinds of handwriting errors. The performance comparison can be seen in Fig.11 .
V. CONCLUSION AND FUTURE WORK
In this paper we have proposed a Chinese handwriting education system with automatic error detection. We have used the attributed relational graph to represent a Chinese handwriting character incorporating the spatial relationship information between strokes. A refined interval relationship with more granular levels is proposed to model the Chinese characters. A novel interval neighborhood graph is also proposed to compute the distances among the refined interval relationships. The A* algorithm is used to find the optimal graph matching in order to locate the exact handwriting errors. Our system supports distance learning by allowing students to practice their handwriting through the web. The system can automatically check whether there are any stroke sequence, production and relationship errors in the student's handwriting, while existing methods cannot handle so many handwriting errors at the same time. With the automatic error detection, our system can assist the students to gain a more effective learning experience. As future work, we will continue to improve the accuracy in error detection. We also intend to check the handwriting error on more complex characters. In particular, we will work on the relationship error detection based on the characters with high similarities.
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